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Classification of Benjapakee Buddha amulets image by deep learning
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Abstract
Buddha amulet is a symbol of belief and religion, which has a magical power and rare sacred object. Some
Buddha amulets can only be seen by those who have not studied cannot know the name or identify the Buddha
amulet. Nowadays, the image recognition using machine learning technology has developed rapidly. Deep learning
is one of the technology that helps computers to recognize images precisely. The development of appropriate model

for the image recognition might lead to create an automatic system for classification of Benjapakee Buddha amulets.
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The research presented the applied Convolutional Neural Network system (CNN) model of deep learning to classify the
Benjapakee Buddha Amulets images. The aim of the research was to develop this suitable architecture deep learning for
recognizing the Benjapakee Buddha amulets accurately for the people who did not know and identify these amulets.
The experiment consisted of the collection of 100 amulet images for each type, a total of 500 images, and then the
test was conducted with a fitty new sample. The results showed that the 3-layer convolution architecture produced the
best results. The efficiency of this model could correctly identify 80% of Phra Somdej, Phra Nang Phaya, Phra Rod and
Phra Somgor, and 70% of Phra Phong images. The differences between the images of the Benjapakee Buddha amulet
of the Buddha image have distinct characteristics, making the ability to accurately identify the images. However, the
accuracy of the test depended on the number of tested sample images. The proposed model may only be suitable
for images tested, so those interested in image recognition may have to further develop a model suitable for the images.

Keywords: deep learning, CNNs architecture
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Figure 1 Example of Benjapakee Buddha amulet images.
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Table 1 The accuracy of images learning from proposed architecture.
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5 layer 86.47 88.47 85.88 82.94 85.29 87.05 87.05 84.70 81.17 81.76 83.53 85.88 87.05 87.05 85.88
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HANNIEEnG num kemel size Winaangnitieeas

Table 2 The results of classification Benjapakee buddha amulet images.

A B C D E recall
A 8 0 1 1 0 80%
B 0 8 0 0 2 80%
C 1 0 8 1 0 80%
D 0 0 2 8 0 80%
E 0 2 1 0 7 70%
precision 88.88% 80% 66.66% 80% T71.77%

f- measure 84.21% 80% 72.73% 80% 73.68%




RMUTSB Acad. J. 8(1) : 100-111 (2020)

109

de A fie nwwazasfa B Ae nnnez-
NN C AR NINWIZIan D Aa NIWNsegune
UaY E AR NIWNIZRN

AN (Table 3) LAAIAN SRS DS
812 50 NINEIHANIINARBINITAIUUNAIN
WLINNIWANLARTATEH WITUNNNWIYN WIZTDA
UWASNIZENND YINUNEYNFABIATI 8 NN AN 10 NN
AVUNTZRINNWNEYNLNEN 7 NN ARAN f-measure
9N NaNLAA TRz e BNy 84.21 e fidus
NNWIZUNNEYIWINAL 80 ladifus nannazsan
wWindu 72.73 e fidus nnnwsrdunewindu
80 Lafidus nawnsznaingu 73.68 Liafidust

A ca o
uazAaauaLn 78.12 ilaidus

andsrana

AINNANINARAY (Figure 7) aztiiwininl4

'
o

Wi FunIzhuLLL relu waziianauiuumsae

P

k2 a dl v 1 fnl/ v
dropout arlinsBeusngniiaandnieridunseiu
. . a0 A % co o

WUY sigmoid 9nu3dERsLaen IEReiFun s fumuL
relu kaznN1Nana luuAfae dropout Tianu3ae
wazthauadanntTnanssuas (Figure 6) 1 kernel

size UM 2x2, 3x3 LAY 4x4 NAABIATINTUNT

FeUIRIUIU 5 FU nadWiN lAnuadn kemel size

'
o

2uUA 3x3 1 3 TUlANasNEANAALAZAILNANLIN

Q

v o & o

AutuEaERANNANRLSIUNMIAMUA kernel

v
o a Y

size A9 (Table 2) WadduFauiaruauiiaduy

e '

o rald” ] ai a a
IUIANAANEAUY WeLTluNUNdanadnlsz@nsniw

' [%

A o a9

nsinauaziviauluseauniladaduzauuan
nulllss@nsninazanad esannaniinanssy

CNNs Zuagjiuausuiiayanitiunasuszuunis

a o N 1= Sy < =
dindunnifiuarldfingle nsBauininiud
] ° o A 2 ] ¥ ! 1% @ = | E
daudnAtyma 1 dawdn daulAs Wed nnaiseud
A1un3n AU A AWATUS LT N1 TNRTMIuT Y

= v U = ¥ ==II==I
nsieusnInaz i lunsaigadeyaniauinlven

QU o

]
= o A

Filadaauidos lunisuanuazn1inii ifaai

[%
o =

AuAUTUNII B UEANINTY Tudiuaedunis

a

= v ¥ o eaal P o’// '
LIEUIN 3 FL‘MN@@WﬁWVl@‘@@’WLu‘ﬂﬂN’]'ﬂ’\ﬂﬂ’ﬁ‘ﬁNﬂ’\

o Y o % = ¥
n1sfuinanlaeialdiataeiusnenazaul

- Aa \ o o Ay
ANAUTENALNTELNN2ABININ muﬂ@iﬂ@q@wﬂug

'
o o

AudnwurdudeunnIudailugaaeaay iy

'
= = P

gUd19 wazillennivdunainainnsnizauinig

pannatuginselfinssiunansivatiy  lunis
O -

naaeitazlfiaTeslens19aina1uidnnes

Korbuakaew (2007) way Fugthong, & Meesad,

£ '
a o a

(2013) P99 uAITaRIE AN AT U Tl LN e
AIREALILANI CANHULLAULARLATIARAUA LG
azinirassiulianiusiasudasninliiaglu
o dl v 1l as QI =
ANHUT gray scale WAA3192L WAANLATITNN
. e A4, X v o wu |

AaN989289A9109NgNAuNI LAY FeuFll Gaen
wazwlasynatnsluninliniduarsawmaiuls
o o a v o v al a a o 1
Wi ilLseAvanmnsvinweganda

TugaueIUs 8NN INTAINITANUUNNN

1 o

A4 (Table 2) wudndaulunNuraianan
Ha9aNATNNTN NN AZD UL WR AN HUELAY
TNAALNAU 11 N9/ TBBAATNNIZHI AT UL
munafuninnwszunewgnaasnIniiesunann
anwnuzifluginssarnmaanadnani inuneily
N9LIBA 1 NN D1ALHBINIAINAINNNINIUNE
P~ ~ o a o 2 o 2 a a

AnsaunwanFnduAdeARaiU T9annlsz@nanin

AsNRIgaznLdNNnAReiu A NdATYNIN



110

n.umzd. 8(1) - 100-111 (2563)

VNTEL ANEIULIALANGT TOINTLLATEIUAAZEIA
et luauaiada §RsadaaulseasfazAnm
WAL UINIFAUUNINEATIDE ATBIUA A AN
] 3 dll P4 = 944:;
19uAazasAiNeaTelinanisirauinaanaly

° a - < .
nsALUNANAnszIATasRall

a9l
Foa o o

nInAaesREIdrlauedanninenssy

CNNs fimmnganiunisauunnnnaziases Tng

wsnnmmaassaantilu 2 dau 1Hun nnmaaes

AUUNNINNIZLATALLYANAUA R ZBIA LULAAY

AN T8I LAYALUNATNNIZLATAILLYANTAN

Uufululainnsasinannu vaaasnimeansliiua

ANS I TR AN A2 WA AN WIUTUN 130385

a

1 v
el = o

VWinadansanamaa 3 91 kernel size U11A 3x3 |

a

b4

FodUnnA AN ML RLAIRIDIANTELATRINLEN
al U 1 Y o [ i o d&:
WnFauazdonlitaunsnanuunlAuduguiniu
IPE1INEURY Korbuakaew (2007) wudiadanm
WenRuINTTLILAziNNaa s et sz @via naw

UINAUNINAINTDIALALAN U LALANIZD

£Z
IS o o

nwasAnszluuuuulinan wenainiEidadad
wRA MR AeANNIS N NEIATRY
Tundazfuiuazan uidaasiaiaaiierzuy
nInIagaLingNepaLlunfeyiNEA s muesIN

yaailsznasialyl

LAaN&1581984
Fugthong, P., & Meesad, P. (2013). Buddha amulet
information retrieval

using digital

images combined with feature extraction and

K-nearest neighbor techniques. Information
Technology Journal, 9(2), 34-40. (in Thai)

Korbuakaew, C. (2007). /dentification of amulets with

special feature ~matching (Master's thesis).
Silpakorn University, Bangkok. (in Thai)
Krizhevsky, A., Sutskever, |., & Hinton, G. (2012).

ImageNet classification with deep convolutional
neural networks. In F. Pereira (Ed.), NIPS'12
Proceedings of the 25" International Conference
on Neural Information Processing Systems (pp.
1097-1105). Nevada: Curran Associates Inc.
LeCun, Y., Bengio, Y.,

& Hinton, G. (2015). Deep

learning. Nature  International  journal  of
science, 521, 436-444.

Lin, M., Chen, Q., & Yan, S. (2014). Network in network.
In Y. Bengio (Ed.), International Conference on
Learning Representations 2014 (ICLR 2014).
Banff: ICLR.

Srivastava, N., Hinton, G., Krizhevsky, A., Sutskever, I.,
& Salakhutdinov, R. (2014). Dropout: a simple
way to prevent neural networks from overfitting.
J. Mach. Learn. Res., 15, 1929-1958.

Noord, N., & Postma, E. (2016). Learning scale-variant

and scale-invariant features for deep image

classification. Retrieved 7 April 2019, from
https:// arXiv:1602.01255.pdf
Orlando, J. ., Prokofyeva, E., del Fresno, M., &

Blaschko, M. B.(2017). An ensemble deep

learning based approach for red lesion
detection in fundus images. Comput Methods

Programs Biomed, 153, 115-127.

Phawattanakul, K. (2012). Suggestion Mining from reviewers’
reviews of television programs (Master's thesis).

National Institute of Development Administration.



RMUTSB Acad. J. 8(1) : 100-111 (2020)

111

Phinitsap, S. (2012). Education for the sake of creativity:
Case the degeneration in the faith on the Buddha
series five parties in Thai society (Master's
thesis). Srinakharinwirot University, Bangkok.

Remez, T., Litany, O., Giryes, R., & Bronstein, A. M. (2017).
Deep convolution denoising of low-light images.
Retrieved 7 April 2019, from https://arxiv.org/
pdf/1701.01687.pdf

Sivaramakrishnan, R., Antani, S., & Jaeger, S. (2017).
Visualizing Deep Learning Activations for Improved
Malaria Cell Classification. In Proceedings of First
workshop Medical Informatics and Healthcare,
Machine Learning Research vol.69 (pp. 40-47).
Halifax Canada: Machine Learning Research.

Springenberg, J. T., Dosovitskiy, A., Brox, T. & Riedmiller,
M. (2015). Striving for simplicity: The all convolutional
net. In Y. Bengio (Ed.), International Conference
on Learning Representations 2015 (ICLR 2015)
Workshop Track. San Diego: ICLR.

Thai Buddha Image Admiration Association. (2019).
Genesis of the Benjapakee Buddha Amulet.
Retrieved 7 April 2019, from https://www.

samakomphra.com (in Thai)



